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Assessing race and ethnicity data quality
across cancer registries and EMRs in two
hospitals
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ABSTRACT
....................................................................................................................................................

Background Measurement of patient race/ethnicity in electronic health records is mandated and important for tracking health disparities.
Objective Characterize the quality of race/ethnicity data collection efforts.
Methods For all cancer patients diagnosed (2007–2010) at two hospitals, we extracted demographic data from five sources: 1) a university hospi-
tal cancer registry, 2) a university electronic medical record (EMR), 3) a community hospital cancer registry, 4) a community EMR, and 5) a joint
clinical research registry. The patients whose data we examined (N¼ 17 834) contributed 41 025 entries (range: 2–5 per patient across sources),
and the source comparisons generated 1–10 unique pairs per patient. We used generalized estimating equations, chi-squares tests, and kappas
estimates to assess data availability and agreement.
Results Compared to sex and insurance status, race/ethnicity information was significantly less likely to be available (v2> 8043, P< .001), with
variation across sources (v2> 10 589, P< .001). The university EMR had a high prevalence of “Unknown” values. Aggregate kappa estimates
across the sources was 0.45 (95% confidence interval, 0.45–0.45; N¼ 31 276 unique pairs), but improved in sensitivity analyses that excluded
the university EMR source (j¼ 0.89). Race/ethnicity data were in complete agreement for only 6988 patients (39.2%). Pairs with a “Black” data
value in one of the sources had the highest agreement (95.3%), whereas pairs with an “Other” value exhibited the lowest agreement across sour-
ces (11.1%).
Discussion Our findings suggest that high-quality race/ethnicity data are attainable. Many of the “errors” in race/ethnicity data are caused by
missing or “Unknown” data values.
Conclusions To facilitate transparent reporting of healthcare delivery outcomes by race/ethnicity, healthcare systems need to monitor and enforce
race/ethnicity data collection standards.

....................................................................................................................................................
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BACKGROUND AND SIGNIFICANCE
In the United States, patient race and ethnicity are used as universal
demographic variables in health and medical research.1 Collecting
racial and ethnic information is crucial for tracking disparities in
healthcare, evaluating race or ethnicity as a potential confounder, un-
derstanding how sociocultural factors relate to disease, and facilitating
quality improvement efforts to address racial/ethnic disparities in
healthcare delivery.2–4 Irrespective of debates over how to best con-
ceptualize and measure race and ethnicity,5 it is critically important to
characterize the quality of the existing data on these demographics to
determine whether current data collection standards are being imple-
mented appropriately or need reinforcement.5–13

Large computerized databases such as cancer registries and elec-
tronic medical records (EMRs) have changed the landscape of health-
care practice, policy, and research. Increasing emphasis on the
“meaningful use” of electronic health information technology has in-
creased the utilization of these data sources for multiple purposes.14

For example, hospitals are now required to provide race and ethnicity
information on all patients with a cancer diagnosis, and not-for-profit
hospitals commonly integrate race and ethnicity data into their com-
munity needs assessments for community-benefit reporting.15

Unfortunately, the quality of these data is unclear.16,17 Without estab-
lishing the quality of the data collected, health systems are limited in

their ability to draw inferences about the association of race and eth-
nicity with various healthcare outcomes. Moreover, not knowing the
quality of the data collected may hamper quality improvement initia-
tives that want to use these data to demonstrate transparency and ac-
countability to the clinical populations and community stakeholders
they serve.18

Within healthcare systems, patient identity data on demographic
information such as race/ethnicity, insurance status, and sex are
routinely collected at various points of patient intake and registration
in both ambulatory and in-patient settings. For a single institution, we
would expect there to be agreement between patient identity data
from different clinical information systems, such as an EMR and a
cancer registry, which takes its baseline from the parent EMR and rou-
tinely supplements it with data collected by patient surveys and tele-
phone interviews. Although important work has been done to examine
data accuracy (eg, clinical information system data comparison to
self-report), prior studies have only analyzed a central data source or
a single setting.11,17,19 Furthermore, studies that have examined cen-
tral data sources, like state cancer registries or the Surveillance,
Epidemiology, and End Results (SEER) program, have not pursued
subanalyses down to the level of the contributing facility.6,20 To our
knowledge, prior studies have not compared patient race/ethnicity
data across multiple data sources and settings.
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OBJECTIVE
This study assessed the quality of race and ethnicity data across mul-
tiple clinical information system databases. Data quality can be exam-
ined on multiple dimensions, and various taxonomies have been
suggested to guide quality assessments.21 We assessed the extent of
data availability, or completeness, along with agreement, or concor-
dance, across five clinical information systems that store race and
ethnicity data for two healthcare institutions. In addition, we character-
ized the types of discrepancies in race and ethnicity data observed
across data sources as well as potential comparators, including sex
and insurance status.

METHODS
Setting and Data Sources
Leveraging the state-mandated cancer surveillance function of certi-
fied cancer registries,22,23 we utilized two major hospital cancer regis-
tries in the Dallas metropolitan area: one affiliated with a university
hospital, the other affiliated with a community-based safety-net hospi-
tal. We also pulled data from the respective institutions’ EMRs as well
as the information system that tracks clinical research enrollment at
both institutions. The fact that a significant number of safety-net pa-
tients cross over to the university hospital for cancer care presented
us with a rare opportunity to examine data agreement across multiple
institutional data sources. This study was approved by the University
of Texas Southwestern Institutional Review Board (STU# 032011-133)
and conducted with the approval of the Parkland Office of Research
Administration.

Abstraction Process
Each registry supplied demographic records for all cancer patients di-
agnosed from January 1, 2007 to December 31, 2010; this date range
was selected to avoid any policy-driven changes associated with
Affordable Care Act reform. We used unique patient identification
numbers to request the following demographic data from the EMRs
and clinical research databases: race, ethnicity, sex, age, marital sta-
tus, and insurance status. This process resulted in five sets of demo-
graphic data for the cancer patient population: 1) the university cancer
registry, 2) the university hospital EMR, 3) the community cancer reg-
istry, 4) the community hospital EMR, and 5) the clinical research reg-
istry. To remove duplicate entries in each database, a combination of
variables, including medical record number, name, and date of birth,
was used to identify unique patients, and then link them across data
sources. Patients were excluded if they had entries in only one source
(ie, cancer registry patients with no matching data in the other four
sources). Thus, a single patient could have distinct demographic infor-
mation in two to five sources.

Coding Race/Ethnicity
Protocols varied for how staff at each institution recorded demographic
information, including race and ethnicity.24 US Census guidelines pro-
mulgated by the US Office of Management and Budget (OMB) recom-
mend treating ethnicity (eg, Hispanic vs non-Hispanic) as a separate
variable from race, but allowed for a combined format when neces-
sary.25 In our study, of the 5981 patients coded as “Hispanic” in the
ethnicity category across the five databases, most (98%) had a race
category code of “White.” In addition, “Hispanic” repeatedly appeared
as a data value recorded in the race field. Therefore, to allow for com-
parable variable coding across institutions and to simplify analyses,
we aggregated race and ethnicity into one variable, RE.26 The aggre-
gate coding system ranked data values such that Hispanic ethnicity
trumped other racial groups (ie, race information was dropped for the

Hispanic data entries), resulting in the following values: Hispanic, non-
Hispanic White, non-Hispanic Black, non-Hispanic Asian, Other, or
Unknown.

Statistical Analyses
To examine associations between the quality of race/ethnicity data
and other variables (eg, data source), we used generalized estimating
equations, a population-based, generalized, linear mixed modeling ap-
proach. Generalized estimating equations allow for the appropriate
specification of distributions (eg, logistic regression analyses for the
binary variable data availability) and takes into account the complex,
correlated structure of the data that results when a single patient can
contribute to multiple data sources.27,28

To examine data availability, we coded the presence/absence (1/0)
of information for a given demographic variable (eg, race/ethnicity,
sex) for each unique patient across all five data sources and computed
the proportion of patients with data available from each data source.
Variables that were unpopulated or coded as “Unknown” were classi-
fied as absent, and the value “Other” was coded as present. The data
availability of other demographic variables was also analyzed, to com-
pare against the race/ethnicity results.

To evaluate concordance, we compared the available race/ethnic
data values for each patient across multiple sources. We chose this
method because the data sources did not have consistent policies or
protocols governing how staff should collect race/ethnicity data (eg,
patient self-reporting is the recognized gold standard of such data col-
lection).11 Thus, the data quality of a single source could only be eval-
uated against the aggregate of all the other sources.29,30 Patients
could have information in two to five sources, creating 1 to 10 unique
pairs for comparison. For each patient, concordance was calculated
as a simple proportion (the total number of concordant pairs divided
by the total number of unique pairs).31 Aggregate kappa statistics
were calculated by taking the weighted mean of all the pairwise kappa
values.31 A sensitivity analysis was performed to examine kappa esti-
mates with and without the unpopulated/“Unknown” data values.

To characterize disagreement in race/ethnicity data, we created a
summary graph illustrating the proportion and type of disagreements
associated with each race/ethnicity category.29,31 In this case, a pair
was the unit of analysis, not a unique patient. For example, a patient
contributing information from five sources may have, respectively, a
race/ethnicity description of White, Black, White, Black, and Other,
representing two concordant pairs and eight discordant pairs. We cal-
culated two proportions specific to each race/ethnic category – overall
disagreement and race/ethnicity pair-specific disagreement. In both
calculations, the denominator was the total number of observed pairs
in which a particular race/ethnicity category was represented. For
overall disagreement, the numerator was the total number of discor-
dant pairs. For each race/ethnicity pair-specific disagreement, the nu-
merator was the number of pairs with that race/ethnicity pattern (eg,
the proportion Black-Hispanic disagreement¼ the total number of
Black-Hispanic pairs divided by the total number of pairs with Black
listed at least once in a pair).31,32

RESULTS
Study Population
Table 1 summarizes the derivation of the final sample and the overlap
between sources. We excluded 62 patients for whom data appeared
in only one data source and, thus, did not have sufficient data avail-
able for comparison. The merged dataset contained 17 834 unique pa-
tients that contributed 41 025 data entries (range: 2–5 entries for each
patient, from each source). By linking entries associated with the
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same patient, we identified 31 276 pair-wise comparisons of race/eth-
nicity information across sources, with 2923 patients (16.4%) contrib-
uting entries from three or more sources. Table 2 presents the
demographic characteristics of the samples obtained from each
source and aggregated across all sources.

Availability
As shown in Figure 1, data availability varied significantly by source
and demographic variable. Compared with sex and insurance status,
the race/ethnicity variables were significantly less likely to be available
in the data sources (v2> 8043, P< 0.001). Furthermore, the avail-
ability of race/ethnicity data varied significantly across sources
(v2> 10 589, P< 0.001), with a more than three-fold difference in
rates between the university hospital EMR and the other four sources
(28.1% vs 96.2%; relative risk: 3.4, 95% confidence interval [CI], 3.3-
3.5). The interaction between a demographic variable and a source
was significant, such that race/ethnicity data availability varied mark-
edly across sources, whereas sex and insurance data availability were
consistently high across all sources (v2> 1857, P< 0.001). In addi-
tion to variation in whether a race/ethnicity variable was available, the
number of different race and ethnicity categories themselves varied
across sources (data not shown).

Concordance
Initial analyses, using all five data sources, suggested poor agreement
in race/ethnicity coding. For the total sample, the proportion of race/
ethnicity concordant pairs was 0.54 (95% CI, 0.53-0.55). When
“Unknown” values from all five sources were included, the aggregate
kappa estimate for race/ethnicity agreement was 0.45 (95% CI, 0.45-
0.45; N¼ 31 276 unique pairs). In contrast, the kappa statistic for sex

was near perfect, at 0.98, and the kappa statistic for insurance was
low, at 0.38 (95% CI, 0.38-0.39).

Table 3 summarizes aggregate kappa estimates and 95% confi-
dence intervals for each data source, including and excluding
“Unknown” data values (shaded and unshaded values, respectively),
as well as kappa estimates for each source pair. Analyses controlling
for data source revealed significant variation across sources
(v2 > 16 703, P< 0.001), with the university hospital EMR having
significantly lower agreement with the other sources, predominately
due to the number of patients with “Unknown” race/ethnicity values.
Pairwise agreement scores involving the university hospital EMR and
including “Unknown” values were poor, ranging from 0.16-0.23
(Table 3). In contrast, pairwise agreement scores not involving the uni-
versity hospital EMR were generally high, ranging from 0.85-0.92.
Aggregate kappa estimates dramatically improved when we con-
ducted sensitivity analyses that either excluded “Unknown” values
(unshaded values in Table 3) or excluded the university hospital EMR
data source (j¼ 0.89, 95% CI, 0.88-0.90). However, adding this ex-
clusion criterion eliminated over 44% of the total race/ethnicity pairs.
Supplemental analyses also examined the more granular coding, be-
yond the commonly recognized OMB categories available in the two
cancer registries (25 different categories) and found a high level of
agreement of 0.85 (95% CI, 0.84-0.87) and a kappa statistic of 0.80
(95% CI, 0.78-0.81).

Characterizing Race-Ethnicity Disagreement
Of the 31 276 possible pairs, 13 905 included one or more “Unknown”
values. Given the above kappa statistic findings, we chose to exclude
pairs that included an “Unknown” value. Figure 2 illustrates the distri-
bution of agreement and disagreement for each race/ethnicity pair by

Table 1: Derivation of study sample and patient overlap across the five data sources

Derivation process Source Total

1 2 3 4 5

University
cancer
registry

University
hospital
EMR

Community
cancer
registry

Community
hospital EMR

Clinical
research
registry

Initial number of entries 14 704 6166

Cleaned number of entriesa 14 122 5932

Match with other data sourcesb 14 078 14 060 5914 5909 1064 41 025 unique entries

Pairwise overlap with each source 31,276 unique pairs

With source 2 – university hospital EMR 14 060

With source 3 – community cancer registry 2158 2143

With source 4 – community hospital EMR 2153 2139 5909

With source 5 – clinical research registry 934 930 425 425

Overlap across five sourcesc 17,834 unique patients

In only two sources 14 911 (83.6%) contributing one pair each

In only three sources 783 (4.4%) contributing three pairs each

In only four sources 1846 (10.4%) contributing six pairs each

In all five sources 294 (1.6%) contributing 10 pairs each

EMR, electronic medical record. aErroneous and duplicate entries removed. bEntries that had at least one valid match in another source, based on
patient identifying information. cCounts of unique patients by how many sources contributed demographic data for the patient.
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each category (eg, the percentage of White-White concordant pairs
and the percentage of White-Black discordant pairs among all pairs
that included “White” as a data value). Further analyses of the distri-
bution found that only 39.2% (6988 patients) were in complete

agreement across all sources (eg, all pairwise comparisons were con-
cordant). Pairs that included a “Black” data value exhibited the highest
agreement (95.3%), whereas those pairs that included an “Other”
value exhibited the lowest agreement across sources (11.1%).

Table 2: Characteristics of patient demographic entries across data sources

Characteristics Source All
entriesa

1 2 3 4 5

University cancer
registry

University
hospital EMR

Community
cancer registry

Community
hospital EMR

Clinical research
registry

N¼ 14 708 N¼ 14 060 N¼ 5914 N¼ 5090 N¼ 1064 N¼ 41 025

N (%) N (%) N (%) N (%) N (%) N (%)

Race/Ethnicity

White 8688 (61.7) 2579 (18.3) 1482 (25.1) 1535 (26.0) 597 (56.1) 14 881 (36.3)

Black 2174 (15.4) 635 (4.5) 2154 (36.4) 2194 (37.1) 253 (23.8) 7410 (18.1)

Asian 499 (3.5) 136 (1.0) 273 (4.6) 271 (4.6) 36 (3.4) 1215 (3.0)

Hispanic 1621 (11.5) 394 (2.8) 1955 (33.1) 1852 (31.3) 159 (14.9) 5981 (14.6)

Other 128 (0.9) 207 (1.5) 207 (0.8) 12 (0.2) 4 (0.4) 397 (1.0)

Unknown 968 (6.9) 10 109 (71.9) 4 (0.1) 45 (0.8) 15 (1.4) 11 141 (27.2)

Sex

Female 6722 (47.7) 6728 (47.9) 3122 (52.8) 3111 (52.6) 639 (60.1) 20 322 (49.5)

Male 7356 (52.3) 7330 (52.1) 2791 (47.2) 2770 (46.9) 415 (39.0) 20 662 (50.4)

Unknown 0 (0.0) 2 (0.0) 1 (0.0) 28 (0.5) 10 (0.9) 41 (0.1)

Insurance status

No insurance 1074 (7.6) 1396 (9.9) 3781 (63.9) 483 (8.2) 6734 (16.9)

Charity 0 (0.0) 349 (2.5) 0 (0.0) 2376 (40.2) 2725 (6.8)

Medicaid 683 (4.9) 460 (3.3) 698 (11.8) 1315 (22.3) 3156 (7.9)

Medicare 4414 (31.4) 3969 (28.2) 942 (15.9) 1379 (23.3) 10 704 (26.8)

Private/Military 7924 (54.6) 6282 (44.7) 338 (5.7) 356 (6.1) 14 668 (36.7)

Unknown 215 (1.5) 1604 (11.4) 155 (2.6) 0 (0.0) 1974 (4.9)

Marital status

Single 3366 (23.9) 2252 (38.1) 2184 (37.0) 7802 (30.1)

Married/Partner 6061 (43.1) 2033 (34.4) 1980 (33.5) 10 074 (38.9)

Separated/Divorced/ Widowed 1320 (9.4) 1495 (25.2) 1699 (28.8) 4514 (17.5)

Unknown 3313 (23.6) 134 (2.3) 46 (0.8) 3493 (13.5)

Age

<18 252 (1.8) 227 (1.6) 10 (0.2) 12 (0.2) 501 (1.3)

18–40 1212 (8.6) 1205 (8.6) 877 (14.8) 842 (14.2) 4136 (10.4)

41–60 4992 (35.5) 4824 (34.3) 2907 (49.2) 2848 (48.2) 15 571 (39.0)

61–80 6461 (45.9) 6561 (46.7) 1964 (33.2) 2012 (34.0) 16 998 (42.5)

>80 1161 (8.2) 1243 (8.8) 156 (2.6) 167 (2.8) 2727 (6.8)

Unknown 0 (0.0) 0 (0.0) 0 (0.0) 28 (0.5) 28 (0.1)

EMR, electronic medical record. Grayed boxes indicate demographic variables that were not reported by the data source. aThe total number of
entries is lower for demographic fields in which a source did not report on that variable (eg, N¼ 39 961 for age).
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Patients coded as White, Hispanic, or Asian in one or more sources
had similar levels of agreement (range: 80.8–87.4%). Some race/eth-
nicity disagreement patterns were more common than others (eg,
Black-Hispanic discordant vs Black-White discordant).

In Figure 2, agreement (green) and disagreement rates for each
race/ethnicity category are plotted. The calculations of these rates are
based on the proportion of concordant or discordant pairs divided by
all of the pairs containing that race/ethnicity category (RE); thus, dis-
cordant pairs are represented in both race/ethnicity categories (eg, a
Black-Hispanic pair is counted in both the Black and Hispanic bars).

DISCUSSION
The availability of race and ethnicity data and agreement between the
five data sources varied markedly, primarily due to significantly poor
performance by the university hospital EMR data source on these met-
rics. Further, the degree of data collection for race and ethnicity also
varied compared with other variables that are important to healthcare
delivery; we found a three-fold difference in availability when compar-
ing documentation of race/ethnicity information to information on sex
and insurance status between the best- and worst-performing data
sources. We also found high levels of disagreement in race/ethnicity

information, primarily among patients categorized as “Unknown” or
“Other.” Excluding patients whose race/ethnicity was classified as
“Unknown” from the sensitivity analyses substantially increased
agreement but reduced the sample size by almost half. Further, perva-
sive “Unknown”, or unpopulated, race and ethnicity fields result in
data quality that was worse than if the data had been generated at
random (ie, kappa estimates were <0.5). These findings affirm prior
studies that examined missing data7,33 and illustrate the loss of infor-
mation that results when health systems do not prioritize consistent
race/ethnicity data collection practices.

Examining the patterns of disagreement between data sources re-
vealed that the data for individuals coded as “Other” (the least fre-
quent category to appear in the data) were of the poorest quality and
may not align with the common aggregate categories promulgated by
OMB (Hispanic/non-Hispanic, American Indian or Alaska Native, Asian,
Black or African American, Native Hawaiian or Other Pacific Islander,
and White).34 That is, use of the category “Other” may represent un-
certainty on the part of data collectors or resistance by patients or
families to using the common categories offered. The frequency of
mismatches between “White” and “Hispanic” lends support to recom-
mendations for changing how information on Hispanic ethnicity is eli-
cited from patients.30,35,36 Collectively, our findings suggest that the
categorization of patients’ racial/ethnic identity might be better accom-
plished using a more granular and robust coding system (eg, code
multiple race and/or ethnicity categories), as suggested by national ef-
forts toward the standardization of racial and ethnicity tracking.2,37,38

In our study, the cancer registries recorded more granular race
and ethnicity information, with over 21 different race/ethnicity terms
present in the data (eg, Thai, Dominican, and “Guam”). After we ag-
gregated and simplified the race/ethnicity coding schemes across all
of the different sources,21,37 the data quality remained good.
Collecting more granular data at the point of service and recording it
in the patient’s EMR could better characterize all individuals and de-
scribe local variations in terminology.38 Standardized concatenation of
granular data into simpler aggregates by institutional health
information management would permit broader data analyses and re-
porting.39 Common standards would also allow for greater interopera-
bility of data fields between institutions.40 The ability to track such
granular information can be important for public health interventions
when there are population-level, inter- and intra-ethnic disparities at
work.41–45

Although collecting race/ethnicity data has been mandated by civil
rights and Medicare legislation, institutional incentives and the en-
forcement of data collection policies needed to drive staff behavior
vary. For instance, the lack of attention the university hospital, where
most patients were privately insured, gives to collecting race and eth-
nicity data is apparent from that institution’s EMR data. In contrast,
communication with organizational leaders at the community hospital
identified local institutional practices that emphasized routine and con-
sistent collection of race and ethnicity information from patients. For
example, the care of a majority of patients at the community hospital
was financed through local medical assistance or other public pro-
grams, and local funding authorities expect race/ethnicity population
aggregation to be a part of routine reporting from hospitals. The varia-
tion we found across sources, together with patterns across other
sociodemographic information (sex, insurance status), suggests that
the actions of external forces that enforce data collection, such as
state regulation of professional accreditation, are important to achieve
better data quality.

Race and ethnicity data collection is effectively voluntary for most
health systems, despite numerous system-level policy statements

Figure 1: Proportion of patients with availability of race/eth-
nicity, sex, and health insurance variables across the five
data sources. Panel 1: Race/Ethnicity. Panel 2: Sex. Panel 3:
Health Insurance. Each vertical bar represents point esti-
mates for a specific source, with 95% confidence intervals
denoted by the error bars. Source 5 did not record insurance
information. *** Denotes that data availability for a given
source is significantly different from the other sources
(P< .001).

Health Insurance
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stipulating collection practices.24,35 Our findings point to the need for
stronger industry controls that require institutions to enforce policies
regarding the day-to-day collection of race and ethnicity information
from patients.46 Cancer registry accreditation fosters adherence to
minimal acceptable standards of data collection and, consequently,
may produce race and ethnicity data of better quality, as our study
suggests. Quality improvement initiatives should, similarly, incorporate
routine audits of race-ethnicity data collection practices to strengthen
existing systems of checks and balances that are appropriate to the
particular provider setting and the communities it serves.

A key limitation of our study concerns generalizability, because our
design drew from only two institutions in one locality. However, the
healthcare facilities that contributed data to this study serve a
densely-populated and diverse metropolitan area, which produced a
robust study sample with ample variability in race and ethnicity. As in-
stitutions with independent governance structures with substantial
overlap as regards cancer care, these sites present an important op-
portunity to demonstrate the effects of variation in administrative data
collection practices. Additionally, although the aggregation of race and

Table 3. Aggregate and pairwise kappa estimates and 95% confidence intervals of race/ethnicity variable agreement by data source pair,
including pairs with unknown race/ethnicity (bold) and excluding pairs with an unknown race/ethnicity (italic).

Pairwise Kappab between Data Sources

1 2 3 4 5

Aggregate Kappaa (95% CI) University University Community Community Clinical Research
RegistryCancer Registry Hospital EMR Cancer Registry Hospital EMR

1
University

Cancer
Registry

0.87 (.87-.87) 0.84 (.83-.86) 0.88 (.86-.89) 0.89 (.87-.90) 0.9 (.87-.93)

8952 3795 2137 2118 902

0.35 (.35-.35)

19305

2
University

Hospital
EMR

0.86 (.86-.86) 0.91 (.88-.93) 0.93 (.91-.96) 0.86 (.80-.91)

5508 682 678 353

0.18 (.18-.18) 0.16 (.15-.17)

19272 14060

3
Community

Cancer
Registry

0.91 (.91-.91) 0.93 (.92-.93) 0.91 (.87-.94)

9104 5863 422

0.76 (.76-.77) 0.86 (.85-.88) 0.22 (.21-.24)

10635 2158 2143

4
Community

Hospital
EMR

0.92 (.92-.92) 0.93 (.90-.96)

9080 421

0.77 (.76-.77) 0.87 (.85-.88) 0.23 (.21-.25) 0.92 (.91-.93)

10626 2153 2139 5909

5
Clinical

Research
Registry

0.9 (.90-.90)

2098

0.65 (.64-.66) 0.85 (.81-.88) 0.21 (.19-.24) 0.9 (.86-.93) 0.92 (.88-.95)

2714 934 930 425 425

CI, confidence interval; EMR, electronic medical record. aAggregate kappa estimate was calculated by taking the weighted mean of all the pairwise
kappa values across the five data sources. bPairwise kappa estimates illustrate the agreement between two data sources.

Figure 2: Disagreement analyses stratified by race-ethnicity
category, excluding pairs containing an “Unknown” value.
95% CI values denote error bars.
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ethnicity data was justified both analytically and by the demographics
of our study population, doing so could result in the loss of significant
information about more heterogeneous Hispanic populations (eg,
Dominican Americans, who may identify as ethnically Hispanic and ra-
cially Black).

Race and ethnicity data are fraught with social meanings that di-
rectly influence the social processes by which health system staff elicit
and record these data.24 Clinical staffs have reported several barriers
to collecting race/ethnicity information from patients, including con-
cerns about patient privacy, the legality of soliciting such information,
and potential resistance from patients.36,47 Our analyses suggest that
possible bias toward the imputation of “race” according to perceived
phenotypes can influence which data categories are more likely to be
populated.48 Developing institutional policies and training procedures
to implement consistent patient self-reporting and explicitly discontin-
uing staff imputation of patients’ race/ethnicity information is critical to
such data’s accuracy and quality.24 Studies indicate that systematic
elicitation of such information can be swift and accurate.49 Our analy-
ses suggest that even minimal enforcement of existing institutional
policies, such as those directing front-line staff to request and record
patients’ race/ethnicity information consistently, could markedly im-
prove overall data quality.35,50

Significance
Collectively, our results provide evidence that high-quality race/ethnic-
ity data are attainable using existing collection systems. Furthermore,
our agreement analysis and the overwhelming influence of
“Unknown” values on data quality suggest that many of the “errors”
inherent in race/ethnicity data collection can be directly addressed.
Discrepancies and disparities in race and ethnicity data quality across
the five sources we examined were striking. In any other field of sci-
ence and medicine, an individual data source found to contribute such
poor information would command remedial action. In real-world set-
tings involving actual patient data, we cannot simply exclude sources
of data, as we did here, that fail to meet acceptable standards of data
quality.51 As representations of actual patient status or clinical experi-
ence, poor-quality data in these systems demand intervention.

CONCLUSION
Healthcare systems should monitor and routinely enforce data quality
standards, because transparent reporting of healthcare delivery and
outcomes by patient race/ethnicity is critical to building trust between
healthcare systems and the diverse communities that they serve.
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